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ABSTRACT
Episodic flood events have a significant impact on ecosystems and human settlements, and can be
important drivers for the water availability. This study maps the flood extension at a catchment scale,
and determines the volumes associated with inundation events for selected return periods by coupling
a water detection algorithm and three methods for water depth estimation. The study was carried out
in the Namoi catchment of Australia by using the Google Earth Engine platform. The extension of
inundated areas was obtained by applying the open water likelihood (OWL) algorithm on MODIS
surface reflectance imagery. For the estimation of the associated water volumes, three different data
driven methodologies were compared, all of which use digital elevation models (DEM) to obtain water
depths. These involve the obtaining of the maximum elevation in the flooded polygons, and the use of
the Cohen and Doble algorithms. Two DEM products were used, a 5 m resolution LiDAR dataset of
the floodplain in the catchment and the 1 second SRTM derived elevation model. Flood volumes were
compared with rainfall volumes and the discharge at several gauge stations located at different
reaches of the river. Return periods were obtained from the probabilities of pixels being inundated in a
year. The relation between flood volume estimations and the stream discharge varied depending on
the gauge position in the catchment. Flood volume estimation was improved using methods that took
into account the flood pattern connection with the channels. A single flood frequency curve was
developed for the entire catchment.
Keywords: Flood Mapping; Water Volumes; Remote Sensing; Google Earth Engine.

1.

INTRODUCTION

Globally unsustainable production and exploitation rates create significant uncertainty about the future
of the planet (Schewe et al., 2014). Quantifying water resources to assist water management plans or
risk assessments therefore remains a priority (Poff et al., 2016)
Remote sensing use in estimating water resources has been increasing (Mueller et al., 2016), and
can be applied together with direct measurements to assess the state and temporal variation of
processes (Doble et al., 2016; Siev et al., 2016). The advantage of satellite imagery, relative to many
other data sources is its ability to capture spatial variability of features at the surface (Mueller et al.,
2016). While gauge and meteorological stations collect data at specific locations (Alsdorf et al., 2007),
satellites cover a large spatial area (Gupta, 2018). On the other hand, satellites also measure the
same spot at different times, which gives a time series (Siev et al., 2016). There are several satellites
with different resolutions, capturing different wavelength ranges (Gupta, 2018; Schmugge et al.,
2002). In addition, not all satellites have operated over the same timeframe, with some of the more
detailed spatial products being relatively recent (Sentinel; Nagler et al. 2015)
While water detection from space captures the spatial extent of water on the surface, it does not
necessarily provide water quantities in flood events (Zhou et al., 2017). As a result, data driven
methods have been developed to estimate inundation volumes by coupling flood extension imagery
with gauge station measurements, bathymetry or digital elevation models (DEM; Cohen et al., 2017;
Doble et al., 2014; Siev et al., 2016). Several approaches have been tested, but the performance
against field measurements has mostly been through spatial snapshots rather than studying the
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temporal dynamics (Cohen et al., 2017), or have been studied mostly in the short term (Frappart et
al., 2005; Siev et al., 2016)
The tendency for short period flood studies, using remote sensing, is mainly caused by difficulties of
acquiring large amounts of remote sensing information and related preprocessing (Ma et al., 2015).
However, an important innovation has been the development of the Google Earth Engine platform,
which contains multi-petabyte processed geospatial datasets that are being updated and uploaded
constantly (Gorelick et al., 2017).
The second main difficulty to assess inundation volumes is the lack of a reference to compare the
results (Oreskes et al., 1994). Most of the time, information from gauge stations, dams, or the inputs
of water to the system, such as rainfall, are used, all of which allow a rough water availability
estimation (Alsdorf et al., 2007). However, more alternatives have been developed in the last years,
such as the use of gravity satellite imagery (GRACE), and in the next years the launch and operation
of the Surface Water and Ocean Topography mission (SWOT) is expected to produce more accurate
estimations of surface water in the future (Fu and Ubelmann, 2014).
The main objective of this study was to compare three different existing methodologies for water
volume estimation with a water detection algorithm through Google Earth Engine to study long-term
flood volume dynamics at the catchment scale.

2.

MATERIALS AND METHODS
2.1.

Study catchment

The selected 42,000 km 2 catchment is the Namoi, located in the north of NSW, Australia, formed by
the Namoi river flowing westward. It has several major dams, storing water and regulating flow
downstream. Another main hydrological characteristic are on-farm “ring tank” dams for irrigation,
which can be up to 100 ha.
The yearly mean precipitation in the catchment is 800 mm, whilst the mean annual potential
evapotranspiration is around 1300 mm (McCallum et al., 2010). Floods in the Namoi catchment are
periodic natural events with a significative environmental role for local wetlands (Green et al., 2011),
but also causing potential economical and humanitarian losses. The catchment elevation ranges from
125 m.a.s.l., in the west, and increases eastwards up to 1,501 m.a.s.l. This height gradient is one of
the main factors that influences areas prone to inundation in the catchment.

2.2.

Data selection

Data from several gauging stations in the catchment was used in this study. Daily stream levels and
discharges are freely available at the waterinfo webpage, from the New South Wales government
(http://waterinfo.nsw.gov.au/). Daily rainfall grids at a resolution of 0.05 degrees were obtained from
the Bureau of Meteorology of the Australian Government (http://www.bom.gov.au). The grids were
clipped at the extension of the basin and rainfall was daily summed to estimate the total volume of
water entering the catchment. Satellite imagery used were the daily and the 8 days composite surface
reflectance datasets obtained from the MODIS Terra satellite (MOD09GA and MOD09A1,
respectively) from 2000 to 2018. These datasets, available in the Google Earth Engine platform, were
preprocessed removing clouds, shadows, and smoke from fires, and subsequently masked in order to
remove pixels that were affecting the detection of water at the margin of tiles and in the range of the
shortwave infrared wavelength. Additionally, permanent water bodies were masked using the Land
Water Mask Derived from MODIS and SRTM (MOD44W). A SRTM Derived Hydrological Elevation
Model at 1 arcsec resolution and a 5 m Digital Elevation Model (DEM) of Australia derived from
LiDAR, both available in the Google Earth engine platform, were used to obtain the water depths in
flooded areas, and to derive a multiresolution index of valley bottom flatness (MrVBF) map of the
catchment. Both DEMs were used and compared, but the LiDAR DEM does not comprise the entire
catchment, but only an area that covers some of the floodplains. In spite of this, the vertical resolution
of this DEM is significantly more accurate than that from the SRTM DEM, which does cover the entire
extension of the catchment.

2.3.

Inundation estimations
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In order to estimate the flood extent, the Open Water Likelihood (OWL) algorithm (Guerschman et al.
2011) was used, which gives the probability of finding water in each pixel. The MrVBF used as input in
the algorithm was derived from the SRTM DEM, and a threshold of 0.87 was applied to the OWL data
to select inundated areas because this value gave the best estimates of actual flood extent (results
not shown).
To estimate the water volumes from the flood extension data obtained, three methods that use DEMs
or bathymetric images were utilised, allowing to get the depth of water at surface, which was
subsequently multiplied by the inundation areas at each pixel. For all methods, the inundation area
was constrained to the area covered by the LiDAR imagery in order to compare the results using both,
the SRTM and the LiDAR DEMs. The water depth estimation methods used are described below:
●
The first method assumes that the water surface during floods is flat (Siev et al., 2016). Polygons
of inundated areas are obtained and overlain by the DEM, and the maximum elevation of water
in the perimeter of polygons is assumed to be the surface water elevation. Then, the DEM is
subtracted to get the water depth.
●
In the second method the DEM was converted into an array of 100 matrices by obtaining the
percentiles of all DEM pixels (30 m resolution) included in each MODIS pixel (500 m resolution).
Then, an elevation image was created by selecting the elevation percentile of the array in each
pixel corresponding to the probability estimated by the OWL algorithm. The original DEM was
subsequently subtracted from these elevations to obtain the water depth at each pixel (Doble et
al., 2014). All negative values calculated were converted to 0, and only areas with an OWL
threshold of 0.87 were classified as inundated.
●
The last method was developed by Cohen et al. (2017). It involves a conversion of inundated
areas into polygons to obtain the elevations at the perimeter of polygons, and subsequently it
applies a focal mean in a series of iterations to populate the area inside the polygons with water
elevations. The final stage implies subtracting the water elevations from the original DEM to get
the water depths. Negative water depths are converted to 0, and a final focal mean with a kernel
of 3 pixels is carried out to smooth any abrupt change on the water elevations.

2.4.

Occurrence probability and statistical analysis

Using the flooded areas from the OWL algorithm probability maps were calculated out in Google Earth
Engine. For each year, the maximum inundated area was estimated. Then, the probability of
inundated pixels was obtained using Kuczera and Franks (2016):
𝑃𝑖,𝑗 =

𝑚 − 0.4
𝑛 + 0.2

where P i, j is the occurrence probability for each pixel, being i and j the pixel positions in the image, m
corresponds to number of occurrences and n to the number of years on record. Then, the return
period is calculated as the inverse of the probability of occurrences. From the occurrence probability
maps an estimate of inundated volumes was calculated, which gave flood frequency curves at a
catchment scale. These curves were compared with flood frequency curves estimated from gauge
stations using the same methodology.

3.

RESULTS AND DISCUSSION

The algorithms result in different inundation volumes (Figure 1). In general, the algorithm that takes
into account the maximum water levels, predicts inundation values that are around two orders of
magnitude greater than the Cohen algorithm, and at least one order of magnitude higher than using
the OWL probabilities (Doble et al, 2014).
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Figure 1. Time series of inundation volumes estimated and daily discharges at Walgett.
All the inundated volume time series capture the peak of discharges in the stream, and also present a
seasonal behaviour. The logarithmic scale allows to detect not just flood events, but also some
periods where there is limited surface water, probably associated to drought periods, which can be
observed in 2003, 2007 and 2015. In order to analyze how inundation volumes respond to rainfall, a
cross correlation was carried out (Figure 2).

Figure 2. Cross correlation between
inundated volumes and daily rainfall.

As it is expected, there is a delay in the
response of floods to rain, with the highest
correlations found after 10 days. In this
case, the Cohen and Doble algorithms have
very similar correlations, which are in
general higher than those obtained using
the maximum DEM values.
Taken into account the lagged response
observed, a scatter plot between monthly
accumulated
rainfall
and
monthly
accumulated inundated volumes can be assessed for each methodology (Figure 3). Accumulated
volumes should be expected to be always lower than accumulated rainfall, considering that rain
corresponds to the input of water to the system and that surface waters are just a fraction of the
available water of the system.

Figure 3. Scatterplots of monthly accumulated rainfall and monthly accumulated inundation volumes.
In the case of the maximum elevation methodology used, some accumulated inundation volumes are
significantly higher than accumulated rainfall. This was also tested by assessing the maximum and
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minimum values of the perimeter of inundation polygons. In most cases, and for small inundation
polygons, the difference between the minimum and maximum elevation values was not significant
(lower than 0.5 m). However, during flood events, big inundation polygons surrounding the main
stream could be observed, and the perimeter had elevations ranging in some cases higher than 10 m,
which means that this methodology fails to meet the original assumption of flat water surfaces, and
implying that part of the inundation volumes detected is still flowing through the main streams
(Frappart et al., 2005).
The relationship between the inundated volumes and the daily discharges in the stream gauges of he
Namoi river at Bugilbone and Walgett (both in the lower western part of the catchment, Figure 4)
indicates a fairly linear relationship with correlation coefficients ranging from 0.57 to 0.93, depending
on the methodology. The lowest correlation is for the maximum elevation methodology, whilst the
other two methods have quite similar correlation coefficients.

Figure 4. Scatterplots of inundated volumes against daily discharge volumes in the Namoi river at
Bugilbone (above) and Walgett gauge stations (below).
A cross correlation between daily discharge at all stations in the catchment and daily flood volumes in
the LiDAR DEM locations identified the maximum cross correlation coefficients (left below, Figure 5)
and associated time lag between the flood volume and occurence of discharge (left above, Figure 5).
Is it clear that in the lower (western) part of the catchment, lags are smaller and even positive
(indicating the flooding occurs before the gauge registers an increase in flow). These areas which
receive all the upstream flow, also have higher correlation values than the gauges located in the east
of the catchment (higher elevations). The eastern (upstream) part of the catchment, also indicates
stronger negative lags, meaning the flooding follows the increase in flow at the gauge.
Different locations in the catchment have different lags between rainfall and flooding, which can assist
with forecasting, but also gives information about the rate of surface water movement in the
catchment (Alsdorf et al., 2007).
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Figure 5. Maximum cross correlation coefficients between daily discharge at different locations in the
catchment and inundation volumes (left below) obtained within different time lags (left above), and
occurrence probability maps using daily (MOD09GA; right above) and 8 days composite (MOD09A1;
right below) imagery.
The deviation of linear regression slopes, obtained between daily discharge and inundation volumes
with the different time lags used above, from a 1:1 line can be used to estimate the proportion of water
losses other than stream discharge (evapotranspiration and recharge). This varies by reach of the
river, and the distance to the flood sinks (Figure 6).
Figure 6. Proportion of water losses other
than stream discharge obtained through the
deviation of regression slopes from a 1:1
line.

Thus, whilst in the main reach of the Namoi
river from Boggabri downstream a fairly
even proportion of water losses occurs,
Pian Creek and elevated sectors of the
catchment have a much higher proportion of
losses by recharge and evapotranspiration,
with some locations near Wee Waa showing
very high water loss. In this area, it has been identified a significant surface-groundwater interaction
(Kelly et al., 2009), which is recharging the Namoi aquifer, and would shift the slope of the
regressions. Negative fractions are observed at two gauges, which also have the lowest correlation
coefficients between flood and discharges in the catchment. These are located immediately
downstream the Chaffey dam, one of the major water reservoirs in the basin, which also regulates the
flow downstream (Green et al., 2011).
Occurrence probability images obtained from the OWL algorithm by using daily and composite
imagery (Figure 5) were processed to estimate the frequency of flood events in the catchment and
compared with flood frequency curves obtained from the Namoi river at Walgett and Bugilbone
gauging stations (Kuczera and Franks, 2016; Figure 7). Flood frequency curves from the Cohen and
the Doble algorithms are significantly different, being much lower for the Cohen methodology,
especially at small return periods. Additionally, whilst in the Cohen methodology the use of the LiDAR
DEM always leads to smaller inundation volumes, in the Doble methodology the flood frequency
curves overlap, and the difference between the curves is smaller. The inundation volumes for the
entire catchment (Cohen basin and Doble basin in Figure 7a) are significantly higher than those
obtained for the extension covered by the LiDAR images, but follow the same general trend. The flood
frequency curves from the river at Walgett and Bugilbone indicate similar behaviour (Figure 7b).
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Figure 7. Flood frequency curves obtained from the temporal analysis of floof volume estimations
(left), and from daily discharges in the Namoi river at Bugilbone and at Walgett (right).

4.

CONCLUSIONS

A surface water detection algorithm and three water depth methodologies were coupled in order to get
time series of inundation volume estimations at a catchment scale. The estimated volumes for all
methods presented seasonal variation and captured peak discharge events. However, the method
that assumes the maximum elevation of flooded polygons proved to be the worst as the water
elevation of them demonstrated not to meet the assumption of a flat surface, and therefore
overpredicts inundated volumes at big flood events. The other methodologies, despite differences in
volume estimates, did not show significant differences in temporal behaviour. Rainfall is related to
flooded volumes, but this relationship is higher several days after rainfall events. The relationship
between inundation volumes and discharges at different locations in the catchment varies depending
on the location. In general, downstream stations presented higher correlations and also a delay in the
flow response to floods, whilst upstream stations presented lower correlation coefficients and its
discharge peaks precedes the flood occurrence. In addition, the slope of the linear regression
between daily discharges and daily inundation volumes and its deviation from a 1:1 line, which can
allow to obtain the proportion of other water losses, such as recharge or evapotranspiration, also
changes according to the position in the catchment, and especially depending on the reach where the
stations are located, which means that the distance to flood sinks, and hydraulic properties of the
sediments are affecting the flood-discharge response. From water occurrence probability maps, flood
frequency curves were obtained for the entire catchment, presenting a behavior similar to curves
calculated from gauge stations. The results obtained can help to the understanding of the hydrological
cycle and the processes related, and also to define management plans and hydraulic design
thresholds.
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